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Abstract

Musical pattern identification is crucial for various classification and retrieval applications in
computational musicology. Feature learning is the basic task, and features act as a basis for
the Pattern Recognition (PR). Selecting an appropriate approach is vital to the accuracy of the
retrieval algorithms. This research gives a comprehensive review of approaches used for PR
and similarity modelling. It systematically analyses various approaches for melodic feature
identification and comparatively evaluates the work done in the literature in terms of software
tools used, melodic pattern representations, and matching. The study discusses the benefits
and limitations of various approaches along with the challenges to be addressed for melodic
PR. Results show a wide variety of approaches for different music genres and applications.
Further, analysis shows that statistical and symbolic approaches were being used

predominantly, and deep learning approaches are gaining popularity in recent times.

Keywords: Pattern recognition, music analysis. computational musicology, melodic

similarity

1. Introduction

Music is ubiquitous, and primarily used for entertainment to express emotions and
themes. Today, music lovers or creators use the Internet to generate and upload music files in
audio or video format. With smartphones, social media and the Internet, this music data is
growing at an alarming rate. Moreover, computer-generated automated music with artificial
intelligence also contributes to the rapid growth of music data (Dhariwal et al., 2020). This

enormous growth of music data poses challenges for various music apps and websites to stay
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relevant and update to cater user needs. Music retrieval and recommendation uses music
pattern matching techniques to retrieve similar music. Patterns are dominant in music, with
representative examples such as melodic (Deutsch and Diana, 1979) or rhythmic patterns
(Shmulevich et al., 2001). Melodic patterns refer to ordered sequences represented by a
discrete notation as symbolic representation (Cambouropoulos et al., 2001). Statistical
representation is the time series of feature vectors, where the vector represents acoustic
features calculated at regular time intervals (Klapuri, 2010). The work presented focuses on
melodic pattern recognition, representation and modelling in music. Melodic pattern
recognition has wide applications in music domain such as automatic transcription, content-

based retrieval, copyright issues and claims by musicians etc.

World music can be classified as polyphonic, monophonic and homophonic on the
broad lines considering melodic patterns (Salamon et al., 2015). Polyphonic music has more
than one melody line being played simultaneously, whereas monophonic music has a single
melody. Traditional nursery rhymes like “Twinkle, twinkle little star” is an example of
monophonic music, whereas Mozart's or Bach’s Fugue western music is an example of
polyphonic music. Musical patterns used in folk or film music are of homogeneous type,
predominantly (Sadie et al., 2001). A melody line is generally performed by the leading
performer with the accompaniment of others in heterophonic music. Improvisations in
melodic patterns during the performance are visible across music genres such as jazz music

(Norgaard et al., 2022) or classical music in India (Chaudhuri, 2021).

The research in the Pattern Recognition (PR) domain typically uses a two-step
approach in various applications (Bishop et al., 2006). The first step involves extracting
features of the data. The second stage is feeding these features to the machine learning
classifier as shown in Fig.1. Features used should maximize the distance between the means
and minimize the variance within the class classification. Thus, the performance of classifiers
depends on appropriate features, which is the crux of classification. A pattern is a physical

object or abstract notion represented by a set of descriptors or features.

Musical pattern discovery algorithms (Ren et al., 2017) are widely researched topics
specifically for western music. Conventional systems use feature extraction, selection, and,
occasionally, feature engineering for music pattern analysis. A musical pattern is represented
typically using a vector of feature values. Feature normalization is performed to provide
equal importance to all features. A good model means using discriminative attributes and

reducing the computational burden of classification. Considering the similarity and
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adaptability of different machine learning technologies, some researchers believe that neural
network-based classification methods are part of statistical methods. However, the neural
network-based deep learning approach differs significantly during feature construction, where
features are preserved in neuron weights and states. Recent advancements in computing have
shown great potential in different musical tasks such as retrieval, analysis, recommendation,

synthesis, and composition.

Pre-processed Feature Extraction .| Machine Learning

data approaches ™ algorithms — Predictions

Figure 1. Typical process of pattern recognition

Traditionally the melodic patterns are represented using symbolic notations used by
different music traditions and typical pattern recognition and matching approaches such as
statistical and symbolic approaches are popular among research community. With the
introduction of neural network based pattern recognition, especially deep learning based
approaches have shown excellent results for images and speech domain. Musical patterns are
complex and different techniques are being explored by researchers, including the

conventional, novel and hybrid approaches.

The systematic survey of melodic PR in music computing is organized as follows.
Section 2 covers the related work with different approaches used for PR and feature
extraction along with software tools available. Section 3 deals with the discussion about the
merits and limitations of the methods, and also records the challenges. Finally, section 4

presents the conclusion.

2. Related Works

Traditionally, different PR paradigms for music pattern analysis include statistical and
structural approaches for a specific predefined task. The general classification of melodic PR
approaches is as shown in fig. 2. A statistical approach (Jain et al., 2000) based on
probabilistic models with efficient use of machine learning algorithms for different
applications in music information retrieval is common among researchers. The structural or
symbolic approach (Albus et al., 2012) based on a formal grammar (Roads and Paul, 1979)
helps model melodic or rhythmic structures in the music. The use of neural networks for PR
now extends to deep neural networks (Liu et al., 2017) for efficient prediction. The
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boundaries between different paradigms are fuzzy and fading. Combined approaches are also

gaining popularity as they share the same goals (Oramas et al., 2018).

¥ h J h 4

Statistical Symbolic Neural Network
approaches approaches based approaches
l L4
Combined Deep Learmning
Approaches approaches

Figure 2. Melodic pattern recognition approaches

2.1 Statistical approach

As the name suggests, the statistical approach attempts to extract numerical values
from the data as a source for classification. This technique has gained more acceptance and
popularity in the research community due to different machine learning and classification
algorithms (Kotsiantis et al., 2007) applied to the numerical data extracted from the digital

objects under study.

Self-repetitive pattern identification is a topic of interest from music summary or
content-based Music Information Retrieval (MIR). A comparative study of Chroma features,
Constant Q transforms features, and MFCC features was performed. Results were compared
with the ground truth obtained from human expert annotation for identifying repetitive
patterns (Lu et al., 2004). The ground truth used in most of the systems is input from human
experts. It is not easy to get the ground truth for large datasets with duration in hours for
audio files. The challenge is to generate and evaluate ground truth for massive musical data,
which can evaluate different machine learning algorithms. The vector space model was used
for melodic pattern extraction of the raga in Indian art music, and the results were assessed
for diverse classification strategies (Gulati et al., 2018). Melody track detection using
statistical PR (Rizo et al., 2006) (Ozcan et al., 2005) was explored for MIDI music data. The
statistical PR approach using vector representation is suitable for machine learning
algorithms. They typically require input data in feature values. Modelling appropriate
features of the music, which are interpreted as structures, is the challenge in music
computing. The structural approach thus becomes necessary for melodic or rhythmic patterns,

perceived on a timeline as a sequence.

Journal of Trends in Computer Science and Smart Technology, December 2022, VVolume 4, Issue 4 275



MELODIC PATTERN RECOGNITION AND SIMILARITY MODELLING: A SYSTEMATIC SURVEY IN MUSIC COMPUTING

2.2 Symbolic approach

Structural or symbolic PR is generally applied for melodic or rhythmic PR. In melodic
patterns, the note sequence pattern is usually represented as an ordered list of notes with
string type data structure. A monophonic musical pattern is described by using notes
(Conklin, 2010) as the fundamental unit for the representation. The hierarchical tree structure
is used to represent the pattern (Rohrmeier et al., 2018) at different granularity levels. The
directed graph structure (Khulusi et al., 2020) is another representation of the notes transition

in melody.

Induction and matching of sequential melodic patterns pose several computational
challenges, but are helpful for musically interesting retrieval tasks (Benetos et al., 2013).
Time series symbolic pattern representation of music is a challenge, as the data are
multidimensional and real-valued, with patterns rarely repeating precisely. Data margins and
fuzziness are used considering the perception of patterns. Pattern segmentation for processing
can be done using perceptually grouped melodic phrases. Pitch transcription, rhythmic meter,
or tempo information may not be the only helpful information for structural pattern analysis.
The use of timbre information with string matching techniques can be more beneficial for
polyphonic music (Aucouturier et al., 2002). The music structural pattern representation plays
a significant role in automatic conversion from a sheet printed music to the performance
aspect (interpretation) or vice versa (transcription). Evaluation of accuracies related to optical
music recognition systems used for structural musical interpretation is a challenge
(Bainbridge and Tim, 2001).

A graphical structure can represent music scores. The terminal nodes directly describe
the content of the music, the internal nodes represent its incremental summary, and the arc
represents its relationship. The similarity between two melodies can be calculated by
analyzing the structure of the graph and finding the shortest path between corresponding
nodes in the graph (Orio et al., 2009). Due to effective modelling of sequential patterns for
the time-variant music and human perception of musical patterns, a structural approach is
suitable for melodic patterns. Therefore, more robust music knowledge representation
systems are possible with this paradigm. Combined approaches using statistical and symbolic
approach are also gaining grounds as they compliment each other well to provide melodic
info suitable for different applications (Pearce et al., 2018). Human brains process the
musical patterns for different interpretations, and a neural network-based approach attempts

to model the same.
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2.3 Neural network-based approach

The artificial Neural Network (NN) is a computing model composed of
interconnections of artificial neuron units to simulate the human brain. Different problems in
music have been successfully addressed with the help of different variants of NN such as
genre classification (Pelchat and Graig, 2020), teaching (Wang et al., 2021), and rhythm
recognition (Chen, 2022). The use of dynamic programming and recurrent NN with hidden
states or memory units for chord recognition is found better than the hidden Markov model
(Boulanger et al., 2013). Convolutional NN trained on a Mel-scaled spectrogram showed
promising results for automatic boundary detection for musical structures (Ullrich et al.,
2014). Research indicates that NN can be trained to identify statistical inconsistencies across
audio features to predict valence/arousal values for emotion classification (Vempala and
Frank, 2012). With the popularity of deep learning, data-driven methods based on deep neural

networks, are gaining more and more attention in the research of melody extraction.

Deep learning approach has produced excellent results in image recognition (Jagtap
and Bhosale, 2021) and speech recognition (Subramanian et al., 2022). Deep learning for
melody extraction is being explored recently by researchers. Lu et al.1, in 2018, investigated
deep learning for music symbolic data and they further explored vocal melody extraction
using patch-based CNN (Lu et al.2, 2018). CNN based two staged multi-resolution end-to-
end model was proposed (Chen et al., 2019) for singing melody. A detailed review of melody
extraction from polyphonic music by deep learning approaches (Reddy et al., 2022) is
presented, and identified hindrances in the progress. Non availability of large datasets
inclusive of different genres in the public domain for training and the need for standardizing
the target pitch classes for universal melody extraction are major issues identified. After
comparing the results, it was found out that there is much scope for improvement with new

advanced architectures, input data preprocessing and training approaches.
2.4 Feature learning approaches

Feature learning plays a crucial role in machine learning prediction accuracies.
Features are extracted using available tools or software libraries, or researchers develop new
tools. The data needs to be in a digitized format to extract features. Unfortunately, not all
Indian musical information is available in digital format. The data such as music notations or
the lyrics are available as images or textbooks. Music digital objects are music info in digital
formats such as audio files, text files for lyrics or notations or comments, videos, etc. The

primary data source used is audio files in the majority of cases. Available tools and feature
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selection approaches are studied and experimented with for audio data. Features play a
crucial role in the successful implementation of machine learning algorithms. Considering the
different dimensions of music and their interdependence with the various genres involved,
modelling the characteristics of music is a challenging task. Therefore, a variety of features
are used to train the machine for different music analytics tasks (Thickstun et al., 2016). With
the growth of music data on the Internet, music data analysis has received much attention. It
involves streaming, purchasing, uploading, and online music commenting specifically for
popular music (Lee et al., 2018). The automatic recognition of the instrument or artist, style,
genre, emotion, melody becomes necessary. Manual labor is time-consuming for music
experts, and it is nearly impossible for humans to perform these tasks for a large amount of
growing music data (Panteli et al., 2018).

Researchers proposed different melodic features and frameworks for various
applications. Representative examples provide the utility and importance of melodic PR. For
example, during the feature learning for the world music similarity task (Panteli et al., 2016),
out of a total of 2170 recordings, 70 recordings were chosen at random from each of the 31
countries for feature extraction. Features used were onset patterns with the scale transform for
rhythm, average chromatograms for harmony, and Mel Frequency Cepstrum Coefficients
(MFCC) for timbre content description. In addition, melodic aspects were captured via pitch

bi-histograms which denote counts of transitions of pitch classes.

Table 1. Feature approaches for Melodic Pattern Recognition

Task/ Application Features used for experimentation Dataset Attainment
Music Similarity Counts of transition of pitch classes in World 557 outliers
(Panteli et al., 2016) pitch bi-histograms Music out of 2169
; Viewpoint features: pitch, Interval . 322 useful
Feature discover : :
| y Contour and anchor features like a Mopﬂo&asf;gnlc features from
(Jonas etal., 2017) tonic key 5851 features
Pattern similarity Symbolic representation of melody Folk WE:?;/" sic;r\:\%ze
(Gonzalo, 2001) and string matching Melodies distanpce >0.7
Melodic Similarity Statistical r_neasurles ?js dIS.'[rIbU'[I((j)n of Western predlct;ve
(Tuomas et al., 2001) tones, interva S, uration an Music power of 52
B transitions %
Pitch-Class Distribution (PCD
Structural Analysis ) : (PCD) Songs Average
(Bee et al., 2006) Pitch Class Profile (PCP) and The Beatles accuracy of
" Harmonic Pitch Class Profile (HPCP) 86 %
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Automatic Chinese
Accompaniment Pitch-Class Distribution (PCD) . F measure
) Music 67.3%
(Xiang, 2009)
MIREX Task Chroma based features with Western Extraction
(Justin, 2008) Levenshtein distance measure Music rate of 88.4 %
Cover song
Identification : Accuracy of
s | ond Chroma based features with Western 79 % with
amuel an : : : i
i Euclidean distance measure Music Improvement
Shrikanth, 2008), (F))f 5.8%
(Joan et al., 2008)
Melody Extraction Minor to moderate n-grams Jazz Accuracy
(Klaus et al., 2019) 2 Gram, 3 Gram and 4 Gram Music beyond 90 %
. e Tri-grams with best classification Folk Accuracy of
Mel(oglgrgll?szlggzg)tlon accuracy of 75% with 10-fold cross . 77 % for
’ validation Music small dataset
Raga Identification | PCD, N-gram, pakad as sequence of gfie;gsr:cal o gztfgit?_gM
(Rao et al., 2014) notes music samples

Table 1 summarizes the different approaches used for melodic feature extraction by
various researchers. Some important observations and conclusions drawn from them provided
necessary directions. The performance of HPCP was observed slightly higher compared to
others for repeated patterns (Ong et al., 2006). The chroma based approach was used for
melody extraction during the MIREX (Music Information Retrieval Evaluation eXchange)
task (Justin, 2008). During the experimentation with different window sizes, it was concluded
that the results with 8192 sample window was promising compared to 16384 sample window
using Levenshtein Distance measure for reference matching. A need for better approaches
for jazz songs was identified during the experimentation (Klaus et al., 2019), where
algorithms tracking dominant melody by a solo instrument fails to capture small duration

dominant melody accompanying instruments.

Similar exploration for melodic PR using multilevel and multiple viewpoint
approaches was proposed by researchers. A multilevel melodic similarity framework
(Walshaw, 2015) was proposed using tune graph, an online visual tool for exploring melodic
similarity. The multilevel paradigm was helpful to create a hierarchy of increasingly coarse
approximations of some original representation. Evaluation of different approaches such as
Edit distance, N-grams as string-based approaches, contour similarity, overall shape, ignoring
ornamentation with Geometric approaches (Caraballo et al., 2022) and global similarity with

features such as range, prevalent duration, intervals, mode, melodic direction, and harmonic
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profile was presented (Habrard et al., 2008). The model combination and multiple viewpoint
approach effectively evaluated different statistical models for melodic structures (Pearce,
2005). However, during the study of western popular music, it cannot be concluded that a
strong correlation exists in the harmonic surprises and popularity of the songs, and proposed

the need for behavioral studies for identifying such correlations (Miles et al., 2017).
2.5 Software tools developed by the music research community

The research community has developed various software tools for music computing
applications such as analysis, synthesis, visualization and audio effects. The software and
tools support different music descriptors, and feature values can be obtained with such tools.
The features generated by these tools are generally low-level features, representing some
statistical values extracted from the signal. Information about the different features supported
by a particular tool is available through the relevant documentation. The detailed list of tools
with description is available on websites like Sound and Music Computing (SMC, 2022)).
Similar tools are made available by different research groups such as (ISMIR, 2022),
Microsoft (MS, 2022), etc. Most of the software tools mentioned are under general public
license and available on their respective web domains for free download and usage. Various
audio processing plugins, typically called VAMP plugins developed by different research
groups, are available for audio analysis (Vamp, 2022). Beatroot (for the beat, onset, tempo
estimation), Marsyas (timbral and spectral features), Melodia (melodic pitch contour)
(Melodia, 2022), and Sonic Visualizer (sonic, 2022) are some to be mentioned from the list.
Audio tools developed in Matlab (Matlab, 2022) require Matlab as an essential prerequisite

that is not under a general public license.

Tools like Praat (Praat, 2022) or Aubio (Aubio, 2022) allow users to adjust default
parameter values, which involves choices associated with the processing of the audio data to
extract appropriate features. Musical audio features are obtained by processing the audio
signal with successive frames or windows. Window or frame size is one of the crucial
decisions that need to be made during music processing. The window size is the length of the
music file that is considered for feature extraction and processing. It is generally about 20 to
40 milliseconds for most applications (Klapuri, 2010). Features can be either localized as the
frame-level (a small segment of audio) (Mohammed, 2017) or globalized for the entire audio
file (Mandel et al., 2005). Global features are calculated using aggregation methods of
statistical approaches such as mean, mode or median to summarize the feature values.

Aggregation methods are selected depending on the type of feature to extract pertinent global
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information. Classification of features helps to understand the utility and provide a basis for

the selection of features.
2.6 Modelling melodic similarity

Today, the lack of appropriate content-based music information retrieval and
classification systems is likely to be a motivating and driving force for feature generation and
engineering to build the musical context. Melody is the heart of many music genres such as
Indian music. Indian classical music based on raga is well structured by a set of rules
involved. Performance improvisation and music ornamentation are peculiar characteristics
associated with Indian music. The melodic ornamentation identification task requires
annotation by domain experts to validate the results, which further makes the task more
difficult. Indian Popular music, on the other hand, is not bound by any rules and has varied
with the influence of various music genres. Most popular music composers with formal
training in Indian classical music have compositions based on raga music. The popular film
songs use a variety of instruments for interludes and accompaniment of the lead singers. The
songs led by singers have the melody as a significant influencing factor. Interludes in the

form of melodies do play an essential role in many songs.

Melodic PR in popular songs has various dimensions such as pitch, duration, loudness
and ornamentation. The research community has developed various tools for pitch extraction.
Although pitch extraction is relatively less complicated in monophonic music with a single
melody, modelling melodic knowledge and its abstract representation is challenging.
Moreover, melodic similarity based on the conventional computational approach fails to
model human perception (Shen et al., 2006), (Ren et al., 2017). Therefore, modelling and
using the human perception aspect for music similarity will likely reduce the semantic gap
between human cognition and musical features. Music retrieval based on melody submitted
or identification of songs based on similar melody needs a melodic similarity model based on
human perception to achieve acceptable results. The algorithms developed should be adaptive
to melody representation for different applications. Melody transforms to represent the same
melody, are very common in music to describe the same melody with pitch shifting and
stretched or compressed duration. The similarity measures purely based on statistical data
does not model human perception. The role of melody in establishing the song's mood and
associating the melodic features with emotions is further challenging. Machine learning can
be applied at various stages, from feature engineering to PR, to build and test different

models and algorithms.
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3. Discussion

Various techniques are available for melodic PR along with different feature
approaches and software tools. Statisticians and symbolic techniques have been traditionally
used and still popularly used by researchers. Neural network-based approaches are gaining
ground and results are likely to improve over a period of time with better models and huge
data availability. PCD and chroma-based approach based on statistical PR, and N-gram
approach based on symbolic PR were observed to be dominant approaches using Euclidean
distance and string matching for melodic PR. Knowledge representation for melodies has a
wide variety in terms of genres, granularity requirements, multilevel and graph-based
approaches, etc. The specific application determines the knowledge representation method to

be used along with the algorithms associated for similarity and classification.

The music similarity perception research will enhance the current techniques to
propose a more acceptable approach with a possible novel similarity measure based on the
experimentation done. The current systems can be further enhanced along with the Metadata
based features or keywords and content-based parameters which can be extracted and stored
in the database. The users can search in the conventional way using keywords or search a
song by submitting hummed query. For keyword-based queries, the proposed system works
in the same way as per the currently offered methods. Listeners can modify parameters
conferring to the significance of various musical parameters for the similarity of the selected
songs or uploaded queries. After query submission, a matching function calculates the
matching values considering the importance to different facets set by listener. Based on the
matching values computed, the outcome is prepared conferring to the ranking of likely

similar songs.

The suggested similarity function uses different musical facets with the parameter
adjustments. The usual values will be fixed depending on the overall perception of the
mainstream of music lovers. Music similarity perception varies depending on the listeners in
various means based on individual choices to pleasant-sounding aspects. Many current
applications use a metadata-based similarity measure for music recommendation and retrieval
(Song et al., 2012). Metadata of music files in text presentation usually includes title, albums,
genre, and artist. The main limitation of this method is that it can only work if metadata is
available with the music. It may produce wrong results in case the data associated is

incorrect. Current metadata-based systems do not support content based retrieval. Searching
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of songs based on contents (Murthy et al., 2018) is the possible application of melodic

similarity based on pattern recognition.

4, Conclusion

This study presents an extensive review of the current work done in melodic PR along
with different approaches, their advantages and limitations, software tools used, and
knowledge representations. Melody is a complex musical phenomenon involving different
musical dimensions. The study reports that current solutions have limitations in terms of
scalability considering the big data in music. Universal solutions applicable to all music
genres are extremely unlikely. Building computational models and algorithms to train
machines to perform particular tasks poses unique challenges and new opportunities.
Challenges in representation and modeling melodic similarity provides research opportunities

in a fascinating domain of content-based music information retrieval.

Deep neural network models for solving the PR problems are becoming increasingly
popular. They can primarily learn complex non-linear input and output relationships, have
almost no dependence on domain-specific knowledge, and the availability of practical
models. For the effective implementation of this strategy, a vast training dataset is required.
Datasets provide the foundation for machine learning algorithms. Scarcity of authentic big
datasets in the public domain is one of the major issues in music computing. The involved
copyright issues limit the length of the audio samples to be distributed in the public domain.
Researchers are working on these issues, and deep neural network models with present
variants such as transformer models will provide robust solutions in the coming years.
Computational musicology is relatively a young research domain and is likely to evolve with
the latest technology trends and increased computing power with GPUs. Automatic melodic
pattern recognition and similarity with modeling human perception is the need of various
applications such as recommendation, playlist generation, classification, and clustering.
Scalable solutions with better algorithmic solutions will be the need in coming years

considering the huge world music canvas.
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